This paper describes a methodology for setting long-term care capacity levels over a multi-year planning horizon, to achieve target wait time service levels. Our approach integrates demographic and survival analysis, discrete event simulation, and optimization. Based on this methodology, a decision support system was developed for use in practice. We illustrate this approach through two case studies: one for a regional health authority in British Columbia, Canada, and the other for a long-term care facility. We also compare our approach to the fixed ratio approach used in practice and the SIPP (stationary, independent, period by period) approach developed in the call center literature. In addition, a state-dependent model and an adaptive system for capacity planning are considered to achieve better resource utilization. We conclude the paper with policy recommendations.
Introduction
This paper concerns the planning of long-term care (LTC) capacity for a frail elderly population.
We find it is surprising that this issue has received so little attention in the operations literature in spite of the fact that the number of people needing LTC will increase rapidly as a result of advances in medical care. Worldwide, there are 600 million people aged 60 and over, and this number will model of the HCC system to predict future client counts. Since their model focusses on strategic provincial level decisions is at a high level of aggregation, no client is individually identifiable and no service level target is considered.
In contrast, several studies focus on capacity planning or utilization analysis for other specific medical services (Ridge et al. 1998 , Green 2003 , and Harper and Shahani 2002), as well as capacity allocation for various services or departments (Kao and Tung 1981 and Vassilacopoulos 1985) .
These papers usually do not consider the dynamics of the systems over time. Refer to Smith-Daniels et al. (1988) and Green (2004) for a thorough review of capacity planning in health care.
On the other hand, the problem investigated here is similar to the operator staffing problem in call centers and other multi-server queueing systems with time-varying arrival rates, where the minimum staffing level (number of servers) in each period needs to be determined to ensure a satisfactory service level, usually based on customers' waiting time. Moreover, other service sectors, where such a staffing problem is encountered, include toll plazas, airport check-in counters, retail check-out counters, banking, telecommunications, and police patrol (Green et al. 2001 ).
Prior to determining the optimum staffing level, an important issue is to evaluate the performance of the system for a specified staffing level. In the literature of queueing theory, analytical approaches have been used to study non-stationary systems if they are Markovian. For example, by numerically solving the Chapman-Kolmogorov forward equations (i.e., a standard set of differential equations), the steady state probability of the number of customers in the system can be calculated, and then various performance measures can be obtained based on that. See , , and Ingolfsson et al. (2002) . In contrast, many papers also focus on using simple stationary queueing models as approximations to evaluate and manage non-stationary systems, especially for non-Markovian or more general systems. These include the pointwise stationary approximation that uses the instantaneous arrival rate, the simple stationary approximation that uses the long-run average arrival rate, and the infinite-server approximation that estimates the distribution of the number of busy servers with respect to time. See Jennings et al. (1996) and Ingolfsson et al. (2007) for review of these approximation methods.
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Specifically, the planning horizon is divided into multiple homogeneous periods. Then, a series of stationary queueing models, usually M/M/s queues, are constructed, one model for each period.
Each of these models is independently solved for the minimum number of servers needed to meet the service level target in that period. They referred to this method of setting staffing requirements as the SIPP (stationary, independent, period by period) approach. The SIPP approach is closely related to the approximations mentioned above, and it usually results in the form of the "squareroot rule" (Atlason et al. 2008 ). However, the SIPP approach does not always work well. The latter also mentioned that the SIPP approach does not work well when service times are long relative to the period length.
In addition to the SIPP approach, analytical methods have also been investigated for staffing problems. For example, a function of the staffing level with respect to time can be derived based on the infinite-server approximation in Jennings et al. (1996) , when the probability of delay is the service performance measure. More recently, Parlar and Sharafali (2008) proposed an exact analytical approach based on a stochastic dynamic programming model, to determine the optimal number of check-in counters needed for each flight over time to minimize a certain expected cost function. De Vericourt and Jennings (2008) considered a nurse staffing problem by modeling medical units as closed queueing systems. Their results suggest that nurse-to-patient ratio policies cannot achieve consistently high service level. Yankovic and Green (2008) investigated a more complicated nurse staffing problem with taking new arrivals, departures, and transfers of patients into account.
Based on their queueing model with a two-dimensional state space, they can evaluate the system Article submitted to Operations Research; manuscript no. (Please, provide the mansucript number!) performance analytically and then choose optimum staffing levels. Again, their analysis shows that nurse-to-patient ratio policies cannot achieve satisfied performance.
Simulation is another methodology used in the literature, especially to study complex nonstationary queueing systems. However, instead of using simulation to optimize staffing, most of these papers for call centers use simulation to evaluate the system performance with the staffing levels identified by approximate analytical approaches, so as to verify whether the suggested staffing levels indeed produce the desired performance. A few exceptions in recent years include Feldman et al. (2008) and Atlason et al. (2008) , who used simulation to study their specific staffing problems.
The former proposed a flexible simulation-based iterative-staffing algorithm for models with nonhomogeneous Poisson arrival process and customer abandonment. They divided the time horizon into many small intervals. Running multiple independent simulation replications, they can estimate the distribution of the total number of customers in the system with respect to time, based on which the staffing function with respect to time can be derived. By generating multiple simulation replications, Atlason et al. (2008) transformed their staffing problem into a deterministic one, which computes the staffing level in each period to ensure that the average service level is satisfied. Both papers use the probability of delay as the service measure, whereas their approaches may be hard to be applied to solve the problems based on other measures.
See Gans et al. (2003) and Green et al. (2007) for further references about operations, performance evaluation, and staffing rules in call centers.
Model Description
This paper focuses on LTC capacity planning for an individual facility or a geographic region in aggregate over a multi-year planning horizon. We model the system as a multiple server queue with time varying arrival and service rates. Since the past study on LTC (Hare et al. 2009 ) and our analyses have shown that people with different ages and genders may have different arrival and LOS distributions, clients are classified into I classes based on age and gender, each with its own arrival and LOS distribution. We assume no constraints on waitlist size, that there are no departures from the waitlist, and that queue discipline is first-come first-served (FCFS).
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Figure 1
Client Flow of the System over Time
We consider a T year planning horizon and denote the year index as t, t = 1, . . . , T . We further assume that the number of beds can only be changed at the start of each year. Initially, there are a known number of existing clients in each class, who are either in care or in the waitlist. During each year, we assume that the number of arrivals in each class follows a Poisson distribution with a constant rate. We also assume a class-dependent and possibly time varying LOS distribution. The number of beds available in year t is denoted by s t ; let s 0 denote the initial number of beds. Thus, the system can be modeled as a series of multi-class M/G/s queueing systems as shown in Figure   1 .
In this research, we assume that capacity can be changed at the start of each year and by any amount. In practice, this is not feasible. Hence, our results provide decision makers with capacity targets that can serve as inputs to optimal capacity planning decisions which take costs and constraints into account. The proposed methods seek to find values for s t , t = 1, . . . , T , that achieve a pre-specified service level. Service levels may be based on the probability of waiting, the number of people in the system or in the queue, and average wait time. We focus on service levels
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for clients' wait time expressed as:
where W t (s t ) denotes the wait time in year t given s t , γ denotes a wait time threshold (in days), and τ denotes a probability threshold. This means that the probability that an arbitrary client in year t will be placed in care within γ days is greater than or equal to τ . In other words, τ × 100 percent of arriving clients receive service within γ days each year.
In contrast, the following stronger criterion based on the simultaneous probability over the planning horizon may be preferred:
Nevertheless, using the Bonferroni approach (Miller 1981) , expression (2) will hold if:
which has exactly the same form as expression (1) . Therefore, this approach provides a simple way to deal with more complex service level criteria. Consequently, we focus on expression (1) in this paper.
Let s * t denote the minimum number of beds so that the service level criterion is met in year t. As discussed in Atlason et al. (2008) , the relationship between the number of beds and the resulting steady state service level, Pr(W t (s t ) ≤ γ) for fixed γ and variable s t , typically follows an "S-shaped" curve, i.e., a convex arc flowing into a concave arc. If an exact closed-form expression for this steady state probability is available, the number of beds required to meet the service level criterion in each year can be directly determined from
We note that this is the basis for the SIPP approach (Green et al. 2001 ). In our context, it would divide the planning horizon into T years and use the closed-form expression which applies to a stationary queue in the steady state to set the capacity in each year.
One significant challenge of using the SIPP approach in our setting is that closed form expressions needed in expression (4) are not available. This is because the system contains several classes of clients with different arrival and LOS distributions. To use the SIPP approach, we could aggregate them in a single class and further assume that the LOS follows an exponential distribution, so that the system over time is modeled by a series of M/M/s queues.
However, it is doubtful whether the SIPP approach provides good approximations in our setting, because several of its implicit assumptions are violated for the reasons below.
Independent Periods:
The system is not empty at the start of each year. LOSs are long relative to period length so that clients may remain in the system for several periods.
2. Homogeneity of Clients: Aggregating multiple classes of clients into a single class ignores widely varying client classifications and resource requirements.
3. Exponentiality: LOS distributions appear to be better modeled by a fat-tailed Weibull rather than an exponential distribution. Hence, the memoryless property will not hold.
Because of these reasons, we developed a simulation-based optimization approach to determine s * t and compared the resulting capacities to those based on the SIPP and ratio approaches.
Methodology

Discrete Event Simulation
We first describe the discrete event simulation model with a fixed pre-specified capacity sequence s t , t = 1, . . . , T . The simulation has three main inputs: arrival distributions, LOS distributions, and pre-loaded existing clients. The simulation logic can be summarized as follows. Given a capacity level in each year, the simulation model provides the resulting service level,
i.e., the percentage of clients in each year who are placed in care within γ days. Due to variability, we ran multiple simulation replications and calculated the average service level each year. We also considered a percentile of the service level distribution as a performance summary (i.e., the 80th percentile). We later found the average to be more stable than the percentile value and chose it as our measure.
The discrete event simulation by itself cannot determine the appropriate capacity level each year.
Hence, we developed and integrated optimization techniques into the discrete event simulation to accomplish this. Then, by running multiple simulation replications, the problem becomes that of determining the minimal capacity level required each year so that on average τ × 100 percent of clients are placed in care within γ days. See Section 4.3 for the description of our approach to optimization.
Simulation Inputs
In this section, we discuss our approach for estimating arrival and LOS distributions as well as pre-loading existing clients into the simulation. Alternatively, it can be tested using data and modified if necessary.
Let λ i (t), i = 1, . . . , I, t = 1, . . . , T , denote the Poisson arrival rate parameter for clients in class i in year t. We considered several approaches to estimating it. Primarily, we used the historical per capita arrival rate λ i for class i and multiplied it by a population forecast N i (t) for class i in year t to obtain,
To estimating λ i requires two data sources: the historical number of clients per year entering care
or the waitlist and historical population sizes. The former should be available from long-term care facility data or appropriate regional records. Population data by age, gender, and year is usually available from census or administrative data, such as BC Stats (BC Stats 2008). The simplest estimate of λ i would be obtained for each class i by dividing total arrivals to the LTC facility by the population. This could be refined by using a weighted average of the past several years.
Alternatively, expression (5) could be refined to allow λ i to vary with t. These refined estimates could be based on rigorous forecasting models or a damping function of the form e −βt could multiply λ i to model a decreasing trend that might result from improved population health, enhanced community services or policy changes. The effect of this could be explored through sensitivity analysis.
One challenge in using this approach is that reliable historical waitlist data may not be available.
Often, data records indicate when a client entered care but not when he/she entered the waitlist.
Some adjustment is necessary depending on what data is available. For instance, we may seek historical waitlist information or have to assume that the waitlist size remains constant. In the worst case, we would have to make an explicit assumption about the change in waitlist size.
In the simulation, two approaches are available for generating arrivals. Either the time between arrivals of class i follows an exponential distribution with rate λ i , or instead, clients are generated according to exponential distribution with rate λ(t) = i∈I λ i (t) and assigned to class i with probability λ i (t)/λ(t). Due to the separation property of Poisson distributions, the arrival process for each class still follows a Poisson distribution.
LOS Analysis
In most settings, LOS distributions for clients in care can be estimated from historical data for clients who have exited care. However, this ignores the effect of active clients (those who have entered care and are still in care at the end of the most recent fiscal year).
If there is a considerable amount of historical data and it is believed that LOS distributions have been constant over time, this would be valid. But if LOS distributions are changing over time or there is not a lot of data, data on clients still in care must be taken into account. Unfortunately, we will not have full LOS information about these active clients, only lower bounds (start dates).
Data of this type is said to be right censored. We observed that ignoring censored data leads to underestimation of LOS, since the censored clients tend to be those with longer LOSs.
The statistical field of survival analysis (Klein and Moeschberger 2003) addresses the problem of modeling of time-to-event data, when a portion of data is censored. We used parametric models to estimate LOS distributions. These enable us to generate LOS in the simulation model. We recommend using a Weibull distribution, because it is determined by two parameters, can be tuned to have several shapes, contains an exponential distribution as a special case, and can represent data with long tails. Its adequacy can be investigated through Q-Q plots or formal goodness-of-fit tests. The cumulative distribution function (CDF) of a Weibull distribution is given by:
where α is the scale parameter and β is the shape parameter.
Potentially, α and β can be time varying and class specific. They can be estimated separately for each class. However, consistent with the Weibull regression model, we assume constant β over 
where γ 0 , γ 1 , . . . , γ k are regression coefficients to be estimated from data. This expression implies that each observation or client may have its own α but β is constant over all observations.
Regression parameter estimates are obtained using maximum likelihood. Specifically, let x i be the LOS of the ith individual in the data set, N C be the set of all non-censored cases, and RC be the set of all right censored data; the likelihood function denoted by L(γ 0 , γ 1 , . . . , γ k , β) can then be written as:
where the first item can be expressed by the probability density function and the second one can be expressed by the survival function. As a result of this analysis, we can obtain a distinct Weibull distribution for each class of clients and can also test whether it varies with time.
Note that the LOS in this research indicates the length of time in care, excluding the length of time in the waitlist. This is primarily because data records in practice often indicate when a client entered care but not when he/she entered the waitlist. This implies that LOS distributions may be slightly underestimated by using this method. Some adjustment to historical data may be needed.
It could also be explored through sensitivity analysis.
Pre-Loading Existing Clients
Often, the system being modeled has been in operation for many years and contains people who were admitted to care in the past. Thus, we believed that simply allowing the system to warm-up and reach a "steady state" is not practical.
To incorporate these clients who are currently in care and in the waitlist, their information is pre-loaded into the simulation before it starts. For each existing client in care, the information includes his/her gender, age, and amount of time in care so far. In order to assign a remaining LOS to each of them, we used a conditional LOS distribution for each class. Specifically, denoting the amount of time in care so far by u, the CDF of a conditional Weibull distribution can be obtained as follows:
Thus, based on expression (9), a remaining LOS can be randomly generated for each client who is in care.
On the other hand, each client in the waitlist is treated the same as a new client arriving after time zero, and a LOS for each of these clients is randomly generated according to his/her age and gender.
Optimization
For several decades, simulation has been used as a descriptive tool in the modeling and analysis of complex systems. However, simulation has also been criticized for the lack of optimization capability. In this problem, given a capacity level in each year, the simulation model can output the resulting service level, whereas it cannot determine the minimal capacity level required each year by itself.
With recent advances in computing technology, it now becomes feasible to integrate simulation models and optimization techniques together for decision-making. A variety of simulation optimization approaches have been proposed, and there are also several review papers in the literature that discuss theories and applications of these techniques, including Fu (1994) and Tekin and Sabuncuoglu (2004) . The techniques for continuous decision spaces include gradient-based methods, response surface methodology, and stochastic approximation; those for discrete decision spaces are mainly related to meta-heuristics.
Based on the structure of this problem, we developed two specific optimization techniques. level, N denote the number of simulation replications to be run, and n denote the replication index.
Algorithm 1
Step 0: Choose appropriate values for s t and s t for each year t, , and N ; set t = 1 and k = 0.
Step 1: If s t ≤ s t + 1, set s * t = s t and go to Step 4; otherwise, set k = k + 1 and s
Step 2: Run the simulation from time zero to the end of year t with s * l , l = 1, . . . , t − 1, and s k t , for N independent replications; for each replication n, record the achieved service level denoted by π n (i.e., the fraction of clients who are placed in care within the time threshold γ) in this year t; calculate the mean service levelπ.
Step 3: If τ − ≤π ≤ τ + , set s * t = s k t and go to Step 4; otherwise, ifπ < τ − , set s t = s k t and go to Step 1; otherwise, ifπ > τ + , set s t = s k t and go to Step 1.
Step 4: If t = T , stop; otherwise, set t = t + 1 and k = 0 and go to Step 1.
The idea of this algorithm is to find s * t year by year. At the beginning of every simulation run, existing clients who are in care and in the waitlist are pre-loaded into the system. The algorithm first finds s
In addition, we note that the achieved service level in each year and in each simulation replication is represented by the percentage of clients who receive the service, i.e., leave the queue, within the time threshold in each year, regardless of the time when they enter the system. This implies that there may be a small portion of these clients who enter the system in the previous year, i.e., they wait in the queue until receiving the service in the current year. Let θ 1 and θ 2 denote two step-size parameters and K denote a maximum iteration number.
Algorithm 2
Step 0: Choose appropriate values for , θ 1 , θ 2 , N , and K; for each year t, set s 1 t = s 0 ; set k = 0.
Step 1: Set k = k + 1; run the simulation for the entire time horizon with s k t , t = 1, . . . , T , for N independent replications; for each replication n and each year t, record the achieved service level denoted by π tn (i.e., the fraction of clients who are placed in care within the time threshold); calculate the mean service levelπ t for each year t.
Step 2: If τ − ≤π t ≤ τ + for any year t or k ≥ K, set s * t = s k t and stop; otherwise, for each year t, set
otherwise and go to Step 1.
In each iteration, this algorithm simulates the entire time horizon, and adjusts the capacity level in each year based on the resulting service level in that year. The search mechanism of this algorithm is similar to that of gradient-based methods (Tekin and Sabuncuoglu 2004) , whereas the gradient information is represented by the deviation between the current service level and the target. Moreover, we note that this algorithm would also work for more complex service level criteria or for solving capacity allocation problems.
To balance efficiency and reliability, we chose the following parameter values based on computational experiments: s t = 2s 0 and s t = 1 in Algorithm 1, set θ 1 = 0.2s 0 , θ 2 = 0.1s 0 , and K = 50 in Algorithm 2, and set N = 100 and = 3% in both. Due to variability, the two algorithms may not produce exactly the same solution, but usually they are very close. However, the simultaneous
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search algorithm is much more efficient than the sequential bisection search algorithm, typically requiring only 30% of the run time that the other does.
Implementation
We developed a decision support system for LTC managers to use in practice based on the methods above.
The decision support system consists of two main components: a discrete event simulator and a front-end interface. The discrete event simulation model was developed in Arena 10.0, where the optimization techniques (Algorithm 2 is preferred) were coded in Visual Basic for Applications (VBA). The front-end interface developed in Excel contains all data and information to be used by the Arena simulation model, including population data and per capita arrival rates to generate arrival distributions, parameter values of LOS distributions obtained from survival analysis, information on existing clients in care and in the waitlist, a current capacity level, as well as all other relevant inputs. In addition, the LIFEREG procedure in SAS was used for survival analysis. When the simulation ends, the front-end interface stores the optimal solution and other outputs from the simulation in both graphical and tabular forms. In addition, it allows the user to set the capacity levels and determine the resulting service performance, as well as to modify the parameter values for sensitivity analysis or scenario testing.
In summary, this decision support system enables the user to:
• Estimate service performance with any sequence of pre-specified capacity levels;
• Determine a sequence of optimal capacity levels required to meet the service level criterion;
• Conduct sensitivity analysis of important system input parameters, such as service levels, initial conditions, population growth rates, per capita arrival rates, and LOS distributions. LTC is managed by the Home and Community Care (HCC) program. One challenge they faced at the time we initiated this research was to plan LTC bed capacity to meet future needs. More precisely, they required a decision support system that could "forecast" long-term capacity requirement and allow ongoing scenario testing. We arrived at the objective of having a sufficient number of beds each year to ensure that 85% of clients would be placed in care within 30 days every year.
In terms of expression (1), this corresponded to γ = 30 and τ = 0.85. Information Management System (CCIMS) database collected by VIHA. These data sources are updated on a yearly basis, are readily available to VIHA personnel, and were utilized in a manner that required the minimum of data cleaning activities.
The P.E.O.P.L.E. database provides population forecasts and historical population sizes by geographic area, age, and gender in one year increments. This data was aggregated to the LHA level and broken down by gender and age (less than 55, 56-65, 66-75, 76-85, and greater than 85). The CCIMS database was used to estimate the per capita arrival rates to the system by age group, gender, and LHA, which were calculated based on the weighted moving average of the last four years. However, this database only contained information of admitted clients. The waitlist length in each LHA was only available for the date the database was given; the historical waitlist information was not available. Hence, the number of arrivals in the past was assumed to be the number of clients admitted. This implies that our analysis may have underestimated the arrival rates. The impact of this assumption was investigated through sensitivity analysis.
The CCIMS database was also used to estimate the LOS distributions. It includes information of more than 40,000 clients in all the LHAs since 1990. Again, because the historical individual For the existing clients in care, the simulation model pre-loaded their information and randomly generated a remaining LOS for each of them based on the corresponding conditional Weibull distribution (9) . Moreover, although the waitlist length in each LHA was available, there was no information about the age and gender of each client in it. We had to assume that the existing clients in the waitlist can be represented by the people who entered care in the last year. Using this assumption, we split these clients in each LHA by age group and gender and then applied the same LOS distributions as for new arrivals to them. 
Results and Analysis
In this section, we describe results for one particular geographic region of VIHA, where there were 2392 existing clients in care (i.e., the number of available beds) and 240 clients in the waitlist. Our intention in this study was not only to show the result of using our simulation methodology, but also to compare it to the fixed ratio and SIPP approaches. In this regard, the forecasts (the number of beds required during 2009-2020) obtained using these approaches are displayed in Figure 4 . We also show the forecasted number of arrivals per year from each class in Figure 5 (since the number of arrivals aged less than 65 is small and stable, we only show the classes over age 65).
The curve of the optimal capacity levels over time based on our approach is "U-shaped". From Based on these observations, we recommended not relaxing admission criteria during this period.
The consequence of doing that would be that clients with lower acuity would be admitted. Since these clients would have longer LOSs, more capacity would be needed in the future when arrival rates increase. according to the trend of the curve, it may significantly overestimate the capacity requirement after 2020. Nevertheless, we observed overestimation in some other LHAs by using this approach. This suggests that the ratio value used at this moment is not accurate. The problems of this approach are many-fold:
Comparison to the Ratio Approach
1. It ignores geographic specific differences in arrival and LOS.
2. It does not account for clients in care and in the waitlist at the beginning of each year.
3. It ignores the population aged below 75, who still account for 20% of total clients.
4. It also ignores differences in arrival and LOS between the two age groups (75-85 and greater than 85) and between the two gender groups.
A parallel study (Zhang et al. 2009 ) compares the service-based and ratio-based approaches in detail and shows that a more accurate ratio value or a better ratio-based policy could be achieved after rigorous analysis, but a universal ratio-based policy that can be applied in general may not be achievable. As it lacks a rigorous foundation, using this approach in general is not recommended.
Comparison to the SIPP Approach
To calculate the capacity levels based on the SIPP approach, we aggregated the clients into a single class. We used the overall arrival rate and estimated the LOS distribution for this single class based on an exponential distribution. Using the closed-form expression of the M/M/s queueing system, we calculated the number of beds required to satisfy the service level criterion in the steady state in each year. Figure 4 shows that the required capacities based on the SIPP approach are significantly lower than those based on our approach.
Several reasons for this include:
1. Similarly, the SIPP approach does not consider existing clients in care and in the waitlist at the beginning of each year.
2. It ignores differences in arrival and LOS among the five age groups and between the two gender groups. Most importantly, Figure 6 shows that the exponential distribution provided a much poorer fit to the Kaplan-Meier curve than the Weibull distribution did.
In addition to the original SIPP approach, we investigated two modified "SIPP' approaches. For the SIPP' approach, we modeled the system as multiple independent M/M/s queueing systems, one for each class. The LOS distribution for each class was again estimated based on an exponential distribution. We then calculated the number of beds required to satisfy the service level criterion in each year for each class independently. Summing up these numbers, we obtained the total capacity required in each year. For the SIPP" approach, we modified the SIPP approach by replacing the mean of the estimated exponential distribution by that of the estimated Weibull distribution.
The required capacities by using these two approaches are also displayed in Figure 4 . The SIPP' approach predicts the required capacities closer to the one obtained using our simulation approach.
One possible reason is that it accounts for differences in arrival and LOS among the five age groups and between the two gender groups. Nevertheless, the loss of the risk pooling causes more capacity required as well. In contrast, the solution based on the SIPP" approach is the closest to the one based on our approach. Note that it would perform even better if there were no clients in the waitlist. However, similar analyses in other regions, which we do not report herein, and the next section suggest that it does not work well all the time.
Therefore, although the SIPP approach typically works well in the context of call centers, it may not be an appropriate approach for this problem. In addition to the reasons above, one of the key differences between this two contexts deserves more attention. LOS in LTC (in years) is much longer than service time in call centers (in minutes), while service level for LTC is measured yearly and that for call centers is usually measured hourly. Therefore, it is almost impossible for the LTC system to reach the steady state in each year. This suggests that, in general, the SIPP approach may not be suitable to use when the service time is very long compared to the period length. This is consistent with observations in Atlason et al. (2008) .
In summary, we believe that the simulation approach uses the most information and consistently performs most reliably, and thus recommend using it in practice.
Figure 4
Capacity Levels Obtained Using Each Approach and decreasing the LOS by 5%, increasing and decreasing the per capita arrival rates by 5%, and a diversion of clients into possible future dementia housing. All scenarios were run using the methodology above to find the required capacity in each year to meet the service level criterion. Figure 7 compares the the base case to increasing and decreasing the LOS by 5% as well as increasing and decreasing the per capita arrival rates by 5%. It seems that there is no significant difference in the required capacity between changing the LOS and changing the per capita arrival rates. 
Application II: Supporting
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Figure 8
Capacity Levels Obtained Using Each Approach reasons described above, and estimated the LOS distributions for each groups separately. Due to the limited amount data for some age groups, we only considered gender as an explanatory variable in the Weibull regression model. Figure 8 displays the number of beds required for 2009-2020 based on the different approaches. Clearly, the solution based on the fixed ratio approach (75 beds per 1000 population aged over 75) significantly underestimates the capacity required. This demonstrates that the provincial target is not applicable at this facility. On the other hand, the solution based on the original SIPP approach is the closest to the one based on our recommended simulation approach. Consistent with the previous case, the solution based on the SIPP' approach is larger than that based on the SIPP approach. As indicated earlier, the SIPP" approach does not work well in this case, where it significantly overestimates the capacity required. In addition, the figure shows that, regardless of the approach used, the capacity required increases almost linearly by 4% every year.
Results and Analysis
This result is different from the previous case. Potential reasons include: 1. There were just two clients in the waitlist for the LBH case compared to 240 clients for the VIHA case. Therefore, there is no need of much extra capacity for LBH in the first year.
2. For LBH, we only considered the two gender groups without taking age into account due to the data limit for the survival analysis. This simplification makes the system of LBH much closer to the M/M/s queueing system. After considering this analysis, the Board recommended redevelopment of the current site.
Detailed implementation plans are under development.
Insights from Both Applications
Based on the solution obtained using our approach, the mean service level achieved in each year meets the target level. However, looking more closely at the simulation output, a few interesting findings deserve more discussion. Since these findings are common for both applications, we only focus on the former. Table 1 shows the resulting service level in each year in the first 20 simulation replications as well as the average service level in each year over all the replications. A blank cell in the table represents "one", i.e., all the clients in this year in this replication are placed in care within the wait time threshold. For clarity, we remove "one" in the table. A gray row in the table represents that the service level criterion cannot be met in at least three consecutive years.
While the average service levels in the period normally meet the criterion, we observed that there is great variation in the achieved service level between the replications. In particular, there are Article submitted to Operations Research; manuscript no. (Please, provide the mansucript number!) many blank cells (representing "one") except in the first year. In all the other years, around 80% of the replications achieve a 100% service level. This demonstrates a high possibility of overcapacity.
Second, from the gray rows, it is clear to see a high correlation between the achieved service levels in consecutive years. Whenever a low service level is achieved in a year, there is a high chance of achieving a low service level in the next year as well. There are 28 such rows among all the 100 replications in total. In many replications, the service levels are consistently low over the planning horizon. This phenomenon demonstrates that once clients accumulate in the queue, much extra capacity is needed in order to meet the service level criterion rapidly. We believe that the main reason for these two observations is because the service time is very long compared to the period length.
One simple way to reduce the likelihood of having replications with consistently low service levels is to impose a stronger service level criterion based on the simultaneous probability, such as:
or a even stronger one as expression (2) . As mentioned earlier, expression (2) or (10) can be approximated by expression (1) with a different value of τ . Therefore, in this case, we only need to solve the problem with a higher value of τ , i.e., increasing capacity in each year. For instance, Figure   10 compares the required capacities of the base case to those by using the Bonferroni approach with τ = 0.85 and the service level criterion defined as (2) and (10), respectively. In particular, for the latter case, the number of beds required in each year increases almost 50, and in around 90
replications over 100, the achieved service level in any year is 100%. This suggests that although this method reduces the likelihood of having replications with consistently low service levels, it simultaneously raises the possibility of overcapacity.
6. Adaptive System
State-Dependent Model
To find a more effective method to overcome the problems alluded to in Section 5.3, we now describe a modified approach to address the LTC capacity planning problem. Specifically, we seek a series of policies for managers instead of a series of capacity levels. A policy, normally derived in dynamic programming problems, refers to a set of selected decisions for each state of the system. A state refers to some information about the system that can be observed by the decision maker and used for decision-making. A commonly-used state is the number of carryover clients at the end of each year. However, due to the multiple classes and the necessity of separating carryover clients in care and in the waitlist, there would be a massive state vector for this problem.
To simplify this, we chose the achieved service level in the previous year as the state of the system. For tractability, we aggregated service levels into J states. Let s j t denote the number of beds in year t and state j (j = 1, . . . , J). The problem is then to determine the value of s j t in year t and state j (a series of policies) so as to satisfy the service level criterion, i.e.,
In other words, a look-up table can be provided, from which managers can determine the required capacity with respect to the year and the observed state. On the other hand, this look-up provides an upper and lower bound for the required capacity level in each year, which are also very useful for managers to establish a long-term capacity plan.
Optimization
Let s j t * denote the number of beds so that the service level criterion is met in year t and state j. The algorithm below (Algorithm 3) that we developed to find s j t * is a variation of Algorithm bounds for the number of beds, respectively; for each state j, let z j denote a binary indicator.
Other parameters remain the same as before.
Algorithm 3
Step 0: Run Algorithm 1 for year 1, and obtain s * 1 ; for each year t (t ≥ 2) and state j, choose appropriate values for s j t , s j t , , and N ; set t = 2, k = 0, and z j = 1 for each state j.
Step 1: For each state j, if z j = 0: if s Step 2: Run the simulation from time zero to the end of year t with s * 1 , s j l * (l = 2, . . . , t − 1), s j t * (for j, z j = 1), and s jk t (for j, z j = 0), for N independent replications; for each replication n, according to the state (i.e., the achieved service level in year t − 1 of this replication), record the achieved service level denoted by π n (i.e., the fraction of clients who are placed in care within the time threshold) in this year t into the corresponding set j; for each set j, calculate the mean service levelπ j .
Step 3: For each state j, if z j = 0: if τ − ≤π j ≤ τ + , set s j t * = s jk t and z j = 1; otherwise, if
Step 4: If z j = 1 for all j, go to Step 5; otherwise, go to Step 1.
Step 5: If t = T , stop; otherwise, set t = t + 1, k = 0, and z j = 0 for each state j, and go to Step 1. 
Results and Analysis
Results of using the adaptive approach for the first application are discussed here. We set J = 3
and defined State 1 as the service level achieved in the previous year is greater than 0.9, State 2 between 0.5 and 0.9, and State 3 less than 0.5. The values of the parameters remain the same.
This aggregation was chosen so that using the optimal policy in each year results in roughly 60
replications out of 100 in State 1 and roughly equal sizes for States 2 and 3. Since we seek an average service level of 85%, the majority of replications have to be in State 1.
The optimal policy for each year in the form of a look-up table appear in Based on these policies, a similar tabular output was derived as shown in Table 3 . Note that we used the same random number streams for the 100 replications as before.
From Table 3 , clearly, the average service levels in the period still normally meet the criterion.
In contrast, there are significantly fewer blank cells (representing "one") in this table than Table   1 . This suggests that the possibility of overcapacity is lower. Also, it is clear that the correlation between the achieved service levels in consecutive years is much lower. In most of the replications, whenever a low service level is achieved, the service level in the next year meets the criterion. There are only 9 gray rows where the service level criterion cannot be met in three consecutive years. This result can even be improved by increasing the number of states considered and simultaneously the number of simulation replications.
Note that s
Article submitted to Operations Research; manuscript no. (Please, provide the mansucript number!) implies that resource utilization is greatly improved by using an adaptive policy.
The results and analysis presented here demonstrate that this adaptive policy depending on the state information is useful and worth further investigation. In other words, in addition to base capacity, flexible surge capacity is very critical. However, it may be difficult to provide flexible surge capacity in practice, especially for an individual LTC facility. Nevertheless, this is probably easier for a regional level LTC program, such as within a LHA of VIHA. Also, third party delivery of LTC services is an established practice. To create or expand surge capacity, a public LTC program could purchase temporary beds from the private sector. Note that there have been discussions on issuing temporary licenses by government for LTC beds in the private sector in Canada (Prince Edward Island Department of Health 2009).
Conclusion
This paper describes a methodology for setting LTC capacity levels over a multi-year planning horizon to achieve target wait time service levels. We proposed and applied an approach that integrates demographic and survival analysis, discrete event simulation, and optimization. Based on this methodology, a decision support system was developed for use in practice. We illustrated this Zhang et 
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approach through two case studies. We also compared our approach to the current ratio approach and the SIPP approach developed in the call center literature. Finally, a state-dependent model and an adaptive system for capacity planning were considered to achieve better resource utilization.
From a methodological perspective, the innovation of this research is the combination of several operations research and statistical methods. Since our methods are driven by service levels, they are preferable to commonly-used ratio-based methods. Also, because LOS distributions tend not to be exponential and LOS is long relative to the period length, it is preferable to SIPP approaches.
From a practical perspective, this is the first attempt to develop a rigorous tool that can be used by managers of LTC programs or facilities to evaluate system performance and to make long-term capacity planning. We are hopeful that using the tool will result in both improved access to LTC and reduced ALC patients in acute care. We hope that this research will guide capacity planning and allocation decisions in this industry at all BC health authorities and more broadly.
We believe that the following observations and recommendations follow from our research.
• Survival analysis reveals that LOS varies considerably by age, gender, and geographic region.
This must be accounted for in estimating future capacity needs.
• The current approach based on a fixed ratio of beds per population should not be used because it ignores differences in population characteristics by region and historical data.
• The SIPP approach should not be used because it ignores a large number of clients in care at the beginning of each year, the differences in arrival and LOS by age and gender, and our observation that LOS tend to follow a Weibull distribution.
• Service levels from year to year will be highly correlated so that the results in practice may differ significantly from results based on averages over simulations. An adaptive policy based on historical service levels may improve performance. To execute this requires availability of surge or temporary capacity.
• System managers must avoid relaxing the admission criteria even when capacity utilization is low. Admitting lower acuity clients could result in increased lengths of stay and the need for more capacity in the future. Our intent is to build on this approach to develop methods for planning for a series of interrelated services including assisted living, dementia care, and home care and as well to plan for different levels of acuity within a single facility.
